Rapid growth of the human population has caused the accumulation of rare genetic variants that may play a role in the origin of genetic diseases. However, it is challenging to identify those rare variants responsible for specific diseases without genetic data from an extraordinarily large population sample. Here we focused on the accumulated data from the human mitochondrial (mt) genome sequences because this data provided 7,098 whole genomes for analysis. In this dataset we identified 6,110 single nucleotide variants (SNVs) and their frequency and determined that the best-fit demographic model for the 7,098 genomes included severe population bottlenecks and exponential expansions of the nonAfrican population. Using this model, we simulated the evolution of mt genomes in order to ascertain the behavior of deleterious mutations. We found that such deleterious mutations barely survived during population expansion. We derived the threshold frequency of a deleterious mutation in separate African, Asian, and European populations and used it to identify pathogenic mutations in our dataset. Although threshold frequency was very low, the proportion of variants showing a lower frequency than that threshold was 82, 83, and 91% of the total variants for the African, Asian, and European populations, respectively. Within these variants, only 18 known pathogenic mutations were detected in the 7,098 genomes. This result showed the difficulty of detecting a pathogenic mutation within an abundance of rare variants in the human population, even with a large number of genomes available for study.
INTRODUCTION
The human population has recently expanded to about seven billion, according to the last census (Roberts, 2011) . Studies inferring the demographic history of human populations from genetic data have also shown an increase in effective population size, especially for Europeans and Asians (Gutenkunst et al., 2009; Gravel et al., 2011) . Interestingly, the estimated growth rate of effective population size increased as the number of samples analyzed increased (Keinan and Clark, 2012) . This finding supports the concept that larger samples can better capture the rare variants in the population, and thus, that sample size could affect the estimation of the demographic history of the human population. Broad sampling is therefore necessary to the accuracy of any study of the history of modern humans.
Rapid population growth also results in an excess of rare variants, which have recently been the focus of many studies of the identification of disease-related variants (Manolio et al., 2009; Cirulli and Goldstein, 2010) . Several researchers have detected the association of rare variants with particular diseases (Nejentsev et al., 2009; Calvo et al., 2010; Johansen et al., 2010) . For such identification, a large sample size is necessary: the low frequency of rare variants reduces statistical power for detecting a significant association between any single rare variant and a specific disease (Bansal et al., 2010) . In addition, the frequency of rare variants can depend upon sampling biases (Keinan and Clark, 2012) , since such variants have so recently appeared.
Extensive examination of the distribution of rare variants within subpopulations of humans would greatly contribute toward the development of the analytical strategies needed to identify those rare variants responsible for specific diseases. Relative to this issue, the mitochondrial (mt) genome can be an attractive subject to study. The 16.5 kb sized genome allows us to sequence whole genomes within large samples. The haploid genome of mtDNA allows clear identifications of subpopulations of individual genomes. Further, the human diseases caused by mutations in mtDNA have been well studied. Mutations in mtDNA can play a role in mt dysfunction that leads to energy deficiencies in the cells of our bodies (Wallace, 2010) . Several mt diseases have been linked to maternally inherited mutations, for example, Leber's hereditary optic neuropathy (LHON), mt encephalomyopathy, and Leigh syndrome (Wallace, 2010) . Those diseases are characterized by degenerative phenotypes that typically include vision loss, muscle weakness, cardiomyopathy, and dementias.
On the other hand, a high mutation rate of the mtDNA (Shigenaga et al., 1994; Bogenhagen, 1999) means that somatic cells accumulate mutant mtDNA over the life of an individual. The accumulation of these mt mutations could relate to aging and agerelated diseases, such as diabetes, obesity, cancers, heart disease, and Alzheimer's disease (van den Ouweland et al., 1992; Wallace, 2005; Czarnecka and Bartnik, 2011) . Because offspring can inherit only mtDNAs passed through germ-line cell proliferation along the maternal lineage (Giles et al., 1980; Bergstrom and Pritchard, 1998) , the mutant mtDNA in somatic cells is not transmitted to the next generation.
In this study, we focused on transmitted mutations to ascertain their behavior during recent evolution of the human population; we also investigated effects of the population history of humans on the identification of disease-related mutations among mt variants in the given dataset. We analyzed 7,098 whole mt genomes and determined the demographic model of the human population history of the mt genomes, based on the genetic diversity of the 7,098 mt genomes. Under an assumption of this demographic model, we simulated mt genome sequences and estimated the frequency of deleterious mutations in the population.
MATERIALS AND METHODS

MITOCHONDRIAL GENOME SEQUENCES
More than 8,000 complete Homo sapiens mt genome sequences were downloaded from GenBank. Genomes that contained gaps longer than 300 bp were subsequently filtered out, most of which had unsequenced control regions. After filtering, we analyzed 7,098 genomes, including the Cambridge reference genome (NC_012920). We have included a list of the accession numbers of these 7,098 genomes in the Supplementary Material.
POPULATION GENETIC ANALYSES
The 7,098 genomic sequences were aligned using MAFFT (Katoh et al., 2005) . We aligned the two control regions and the noncontrol intervals independently and then combined them into one alignment. We identified sites having at least two different nucleotides as single nucleotide variants (SNVs). (The indel and heteroplasmic sites were not counted as variants.) We used the software HaploGrep (Kloss-Brandstätter et al., 2011) to identify haplogroups.
DEMOGRAPHIC MODELS
In order to determine a suitable demographic model for the human mt population, we tested three human demography models (Marth et al., 2004; Voight et al., 2005; Gutenkunst et al., 2009) , using the ms coalescent simulation program (Hudson, 2002) . We tuned the simulation parameters based on the assumption that the effective population size of the human mt genome was a quarter of that of the human nuclear genome (Hartl and Clark, 2007) . (See Figure A1 in Appendix for the parameters and the ms command lines). For each model, we simulated 1,000 sets of 7,098 genomes. The sample size of each population was identical to the number of genomes in each haplogroup.
FORWARD SIMULATIONS
To ascertain the frequency of a deleterious mutation within a population during demographic events, we needed to trace such mutations by forward simulations. Forward simulations generated mt genome sequences with the same length as the human mt reference genome (16,569 bp), based on the Gutenkunst et al. (2009) model. We excluded migration events between populations in the model because the expected migration rate was low, and the lack of recombination in mtDNA meant the effect of such migration was likely very small. The African demographic model contained only one population expansion (N e from 1,825 to 3,075) 8,800 generations ago, and no demographic event up to that time point. The time of 8,800 generations is longer than the fixation time (2N e = 6,150 generations) of a neutral mutation in a population. Because a deleterious mutation is eliminated within a population in less time than a neutral mutation, 8,800 generations is long enough to trace the frequency of any deleterious mutation. Therefore, we simulated an ancestral population of N e = 3,075, and ignored history prior to 8,800 generations. To save time in reaching the state of population equilibrium, we used the FREGENE program (Chadeau-Hyam et al., 2008) to generate the ancestral population.
Basically we repeated a process of mutation, random sampling, and selection in each generation. In each generation, mutations occurred at a rate of µ = 2.0e−07 per generation per site without reverse mutation in the ancestral and AFR population. The simulation was tuned to generate the expected diversity (the observed nucleotide diversity of African).
According to the assumed demographic model, African and non-African populations split 5,600 generations ago. For the ancestral population of ASI and EUR, we randomly selected 525 genomes from the ancestral population (N e = 3,075). During 4,752 generations, non-African evolved with the mutation rate of µ = 7.0e−07 per generation per site, without reverse mutation, which was adjusted for the extent of expected diversity. The mutation rate was set lower than the African rate, which was adjusted for the extent of diversity expected for non-African. Note that the rate of mutation does not affect the frequency of a mutation. A defined mutation rate was needed only for the process of generating new mutations.
At the point in time of 848 generations ago, 128 ASI and 250 EUR genomes were randomly selected from the ancestral population of non-African (N e = 525). Since the two populations evolved independently up to the present, from the 848 generations ago, practically, our simulations were separately performed for each of three populations.
A frequency of a mutation was traced while negative selection operated on the mutation during our random sampling. Such a deleterious mutation was randomly selected among new mutations for each population, and its frequency was traced until it was eliminated or fixed in the population. The simulation then randomly selected a new mutation in the next generation. The selection coefficient for negative selection was supposed to be consistent throughout the evolution of the population. Each simulation tested for each of the various selection coefficients ranging from neutral evolution to strong negative selection, 0 ∼ 0.1. For the sake of a clear modeling of negative selection, we assumed that only a single deleterious mutation existed at any one time. The most important parameter for determining the frequency of a deleterious mutation was the population growth rate. The AFR effective population size has not changed, while the population size in the ASI and EUR populations increased at a rate of 0.55 and 0.4% per generation, respectively. We recorded the frequency Frontiers in Genetics | Evolutionary and Population Genetics within each of three populations at the last or present generation if at least one genome carried the mutation. For each selection coefficient, we collected 10,000 frequency data of the mutations in each of three populations.
RESULTS
THE SINGLE NUCLEOTIDE VARIANTS IN 7,098 HUMAN MITOCHONDRIAL GENOMES
We analyzed 7,098 complete mt genomes after filtering noncomplete genomes among the retrieved sequences from GenBank (see Materials and Methods). Since our aim was to study the inherited variants, we intended to exclude any somatic mutations contained in the retrieved sequences. Also, as many of the mt genomes were generated via the sequencing of PCR products, it is likely that some mt sequences in the GenBank may contain the result of technical errors (Yao et al., 2009) . It was therefore challenging to distinguish rare variants from sequencing artifacts. To do so, among all variants found in the 7,098 genomes, we used only SNVs, with the exception of indel and heteroplasmic sites. The SNVs were then grouped into two categories: the first (Dataset 1) consisted of all SNVs identified from the 7,098 genomes, and the second (Dataset 2) contained all SNVs with the exception of singletons which appeared only once among the samples ( Table 1) . While Dataset 1 is likely to include more errors, Dataset 2 might have lost many rare variants as a consequence of our attempts at error reduction.
In total, 5,554 nucleotide positions were identified as having nucleotide variations. Among the positions, we detected 517 multi-allelic positions that had at least three variations. Those multi-allelic positions were considered as multiple variants, for example, a tri-allelic position was consistent with two SNVs. We counted 1,073 SNVs for the 517 positions; 6,110 SNVs were finally identified in 5,554 nucleotide positions. These 6,110 SNVs were consistent with Dataset 1. Dataset 2 contained 4,092 SNVs found in 3,895 nucleotide positions. Among those positions, 183 had at least three variations and 380 SNVs were identified ( Table 1) . Of the Dataset 1 SNVs, 663 (11%) and 5,447 (89%) were located in the control and remaining regions respectively. Similar ratios were found for Dataset 2: 12 and 88% for the corresponding regions respectively ( Table 2) .
The SNVs identified in this study are the largest datasets of the human mt variants studied so far (Figure 1) . As the sample size increased, the number of identified SNVs also increased. The similarity of the number of SNVs in mtDB 1 to the number in Dataset 2 supports the existence of those SNVs in the human population. In addition, the large difference in the numbers of SNVs between Dataset 1 and 2 can be explained by the existence of singleton SNVs; that is, those which appeared only once in the 7,098 genomes. Although the number of SNVs was corrected by the sample size to Waterson's θ (Waterson, 1975) , the θ value for the entire region still increased, except in Dataset 2. On the other hand, the ratio of the θ value for the control versus the remaining regions decreased as the sample size increased. This suggests that the number of SNVs increased in the remaining region rather 1 www.mtdb.igp.uu.se than the control region as the sample size increased. Therefore, the large number of Dataset 1 SNVs resulted from a large number of singletons and increased variant capture in the remaining region due to the large sample size.
POPULATION STRUCTURES OF 7,098 HUMAN MITOCHONDRIAL GENOMES
The genetic diversity of the 7,098 human mt genomes could be represented by the nucleotide diversity (Π: per genome, π: per site; Nei and Li, 1979) , which represents the nucleotide difference between two randomly chosen genomes. Nucleotide diversity is less likely to be affected by rare and/or erroneous SNVs, because it considers allele frequency in a population. The Π value of the 7,098 genomes was 39.8 and 39.3 for Dataset 1 and 2, respectively, and the π value was 0.24% for both datasets (Table 2) . However, overall nucleotide diversity can be biased by population samplings. In order to examine the distribution of origin of the samples, we identified haplogroups for the 7,098 genomes. Every known haplotype was found in the genomes, indicating that the assembled mt database of 7,098 mt genomes represents sufficiently deep sampling of the human population worldwide. Because our SNV dataset included many novel and/or rare SNVs, most of the genomes were unique and newly identified haplotypes. For the 7,098 genomes in this study, we determined only macrohaplogroups identifying three major populations of African,Asian, and European humans. Our simplifying assumption was that the three representative haplogroups (assigned L, M, and N) correspond to the African, Asian, and European origin populations respectively (Wallace et al., 1999) . The 7,098 genomes consisted of 685 (10%) of the L haplogroups (African, AFR), 2,658 (37%) of the M haplogroups (Asian, ASI), and 3,755 (53%) of the N haplogroups (European, EUR; Table A1 in Appendix). AFR is most underrepresented in our dataset. Within AFR, ASI, and EUR, the numbers of SNVs were 2,071, 3,385, and 4,182 respectively, for Dataset 1 (Figure 2) . The number of SNVs apparently depended upon the sample size. Therefore, www.frontiersin.org Waterson, 1975) .
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The average number of pairwise nucleotide differences, Nucleotide diversity per genome (Nei and Li, 1979 The maximum number of pairwise nucleotide differences. it is not surprising that EUR, having the largest sample size, had the largest number of SNVs. The Π value should not be affected by the sample size; therefore we can compare diversity among the three populations. The Π value within AFR, having the smallest sample size and number of SNVs, showed the largest nucleotide diversity (64.0). The nucleotide diversity values within ASI (30.1) and within EUR (30.6) were both less than half the AFR value (Table A2 in Appendix). The Π value between AFR and ASI (57.9) was similar to that of the diversity between AFR and EUR (60.3), and both these values were even marginally smaller than the Π value within AFR itself. The overall distribution of Π values for Dataset 2 was similar ( Table A2 in Appendix). To show the divergence among populations, we examined their shared variants. We used Dataset 2 for this analysis because all singleton SNVs were population-specific. Among the Dataset 2 SNVs, 62% shared in at least two populations (Figure A2 in Appendix). In the AFR, ASI, and EUR SNVs, the proportions of the populationspecific variants were 12, 20, and 25% respectively. We categorized Dataset 2 SNVs into the common (frequency > 0.01) and the rare (frequency ≤ 0.01) groups in order to compare the sharing of variants between the two. Most SNVs (3,709; 91%) fell into the rare SNV group ( Figure 3A) ; only 383 SNVs (9%) were in the common group ( Figure 3B) . The proportion of population-specific variants was higher in the rare group (40%) than in the common group (15%). The proportion of shared variants across populations was Frontiers in Genetics | Evolutionary and Population Genetics very low among the rare SNVs. In contrast, most common SNVs (85%) shared at least two populations.
It is likely that the population-specific variants were generated very recently after population splits, while the shared common variants have existed for a long time, preceding the population splits, and their frequency increased across populations. The lack of shared variants between populations suggests divergent subpopulations within the human population. On the other hand, the large proportion of rare variants and the small amount of diversity in non-AFR is likely to be a result of recent non-AFR population expansions, as is known to be the case for nuclear variants (Gravel et al., 2011) . The demographic history of the human population can play an important role in the distribution of variants in mt genomes.
The short genome size and the high mutation rate of mtDNA could limit inference of the accurate demographic history. We therefore tested three demographic models (Marth et al., 2004; Voight et al., 2005; Gutenkunst et al., 2009 ) to determine the best-fit model for the 7,098 mt genomes (see Materials and Methods; Figure A1 in Appendix). From the comparison of the Π values of three populations of the 7,098 genomes and the simulated genomes, we determined Gutenkunst et al.'s (2009) model to be the best-fit model for our dataset (Table A3 in Appendix; Figure 4 ). This model includes the exponential population growth that followed severe population bottlenecks for the non-Africans population, which is consistent with the distribution of variants of our datasets.
THE ESTIMATION OF THE FREQUENCY OF DELETERIOUS MUTATIONS
For the identification of disease-related mutations among mt variants in the human population, we intended to ascertain the frequency of a deleterious mutation within the demographic history of the AFR, ASI, and EUR populations through the use of simulation studies. Based on the demographic model determined, we performed forward simulations for AFR, ASI, and EUR, separately, to ascertain the frequency of a deleterious mutation in each population (see details in Materials and Methods). These simulations generated 10,000 datasets regarding the frequency of mutation for each population. The occurrence of the frequency of the mutations among the datasets became our empirical probability which we used to ascertain the frequency of a deleterious mutation (Figure A3 in Appendix). In this simulation, the frequency increased from zero to one. The highest frequency among 10,000 datasets was defined as the"threshold frequency"of a mutation ( Figure 5) . The higher frequency than the threshold frequency is unlikely occurred.
The threshold frequency was determined according to the level of selective constraint, s. Under neutral evolution (s = 0), the threshold frequency in AFR, ASI, and EUR was 70.7, 99.7, and 99.1%, respectively ( Figure 5A ). The AFR threshold was low compared to the non-AFR threshold because AFR had not experienced a population bottleneck and had maintained its large effective ancestral population size. The chance for the fixation of a mutation in the larger population is smaller, and then the high frequency of a new mutation was unlikely even under neutrality. On the other hand, EUR and ASI had small effective ancestral population sizes, following severe population bottlenecks, but recently their population sizes have exponentially increased. This dynamic change in population size might give a high likelihood of increased frequency of a neutral mutation due to genetic drift.
Under the constraint of negative selection, a mutation is limited in its ability to increase its frequency in any population.
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The frequency of a mutation dramatically decreases in any selective constrains, compared to a neutral mutation. We tested various level of selective coefficients: the higher selective coefficient resulted in the lower threshold frequency ( Figure A3 ; Table A4 in Appendix). Our simulations traced a frequency of a new mutation during evolution. If the mutation is slightly deleterious, the behavior of the mutations is nearly neutral (Ohta, 1992) . Under the weak selective pressure (s = 0.01), distribution of the frequency of a mutation was similar to that of the frequency of a neutral mutation (Figure A3 in Appendix). Here we focused on disease-related mutations in the mtDNA, which contains mostly coding sequences. Therefore, we chose s = 0.05 which is deleterious enough to predominate against random drift in its effect on mutation behavior.
In a selective constraint (s = 0.05), the distribution of the frequency data was concentrated in the rare frequency. Most frequencies (at least 80% of the frequency data) were lower than 0.1% in any population. The threshold frequency was determined to be 1.98, 0.55, and 0.92%, in AFR, ASI, and EUR, respectively ( Figure 5B ; Table A4 in Appendix). The difference in threshold frequency among the three populations resulted from their different demographic history. AFR demonstrated as lightly higher threshold frequency than non-AFR, and EUR also demonstrated a slightly higher threshold frequency than ASI. The population growth rates could cause the differences in the threshold frequency. The current population size in the demographic model was 3,075, 13,403, and 7,381 in AFR, ASI, and EUR, respectively. AFR had no change in its size for 8,800 generations and was the smallest in size among the three populations. Although the size of ASI was smaller than that of EUR at population bottleneck, the higher population growth rate of ASI resulted in the larger final population size. Most mutations recorded in the simulations occurred very recently, and the frequency of the mutations in ASI was likely very low in the large population. Moreover, it is likely that the large population size in very recent history increased the efficacy of the operation of negative selection on the new deleterious mutation in non-AFR. The selective constraint could have more effect on the frequency of a mutation than genetic drift in the very recent population history for the non-AFR population. 
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THE IDENTIFICATIONS OF PATHOGENIC MUTATIONS IN THE 7,098 MT GENOMES
To detect pathogenic mutations, we applied the threshold frequency for our dataset and used the 506 diseases-associated mt mutations listed in the MITOMAP 2 . Those mutations have been reported to be associated with diseases, and based upon consistency of independent studies, were categorized as "Reported," "Unclear," or "Conflicting." Fifty-two of the 506 mutations were categorized as "Confirmed," indicating that at least two or more independent laboratories have published reports on their pathogenicity. We used these confirmed mutations as positive controls in detection of pathogenic diseases.
First, we examined the frequency of the 506 pathogenic mutations in our datasets. Among the mutations, 5, 9, and 7% showed a higher frequency than the threshold frequency in AFR, ASI, and EUR respectively (Figure A4 in Appendix). Of the 52 confirmed pathogenic mutations, 19 mutations were found in our datasets: 1, 7, and 17 mutations in AFR, ASI, and EUR respectively. Among the 19 mutations, 18 showed much lower frequency than threshold frequency, especially for AFR and EUR ( Figure 6A ). Only one mutation, 11778A, showing a higher frequency than the threshold in ASI, is one of the most well known pathogenic mutations, being the primary mutations of LHON (Wallace et al., 1988) . In the case of LHON, factors in addition to the mutation may have an important role. In particular, the 11778A mutations showed an increase in the incidence of the disease penetrance along with the haplogroup J, which is of European origin (Brown et al., 1997; Carelli et al., 2006; Hudson et al., 2007; Ghelli et al., 2009) . Therefore, selective constraint could fluctuate, depending upon the haplotypes. Interestingly, this effect of haplotype is consistent with our finding that the frequencies of the mutations are lower than the threshold in EUR but not in ASI. The mutations might be less deleterious in the ASI haplotypes and could increase in frequency in ASI.
Subsequently, we identified candidates for deleterious variants in the Datasets 1 and 2 SNVs. We assumed that the nucleotide sequence of Homo neanderthalensis (NC_011137) had an ancestral type and calculated frequency of derived type for each SNV in each population. For Dataset 1, the numbers of AFR, ASI, and EUR SNVs showing a frequency lower than the threshold were respectively 1,703 (82%), 2,826 (83%), and 3,787 (91%; Figure 6B ; Table A5 in Appendix). For Dataset 2, 1,369 (77%), 2,112 (78%), and 2,735 (87%) SNVs in the three respective populations had a frequency below the threshold. Surprisingly, most of the SNVs in our dataset were candidates for deleterious variants. Among them, the proportion of confirmed pathogenic mutations that we detected in AFR, ASI, and EUR Dataset 1 SNVs, was very low, 0.06, 0.25, and 0.45% in the three respective populations ( Figure 6B ). We found a similarly small proportion in Dataset 2 (Table A5 in Appendix). Even considering all 506 pathogenic mutations, they represented only a small subset of candidates, about 1, 6, and 11% for AFR, ASI, and EUR, respectively. This low ratio of pathogenic mutations detected among the candidates was apparently an outcome of the large proportion of rare variants in the human population.
2 www.mitomap.org As mentioned before, rapid expansions of the human population have resulted in an excess of rare variants. The large number of these rare variants can be a major factor in limiting the possible detection of pathogenic mutations. In conclusion, our study showed that the recent population history of humans limits the detection of pathogenic mutations in mt genomes.
DISCUSSION
In this study, we analyzed 7,098 human mt genomes and identified the largest number of SNVs in the mt genomes (Figure 1) . Most of the identified variants were rare, and a much smaller proportion of rare compared to common variants was shared across the AFR and non-AFR populations (Figures 2 and 3) . The main factor in this distribution of variants was the incidence of recent population bottlenecks followed by exponential population growth. Under the assumption of population history (Figure 4) , we estimated the threshold frequency of a deleterious mutation in the human population (Figure 5) . Although the threshold frequency is very low, we detected a large number of candidate variants that potentially relate to diseases and examined the small proportion of the known pathogenic mutations within the candidates (Figure 6) .
Only 19 pathogenic mutations in the 7,098 mt genomes were detected. The largest number of genomes carrying pathogenic mutations among those 19 mutations was 1/685, 12/2,685, and 13/3,755 in AFR, ASI, and EUR, respectively. To detect one genome with a pathogenic mutation, at least 685, 222, and 289 genomes of the three respective populations are needed. The sample size of 7,098 genomes was not sufficient for identifying 33 out of the 52 known pathogenic mutations. Detection of significant associations of rare variants with particular diseases in genome-wide association studies has been considered challenging (Asimit and Zeggini, 2010; Bansal et al., 2010) . For example, if the ratio of the frequency of a candidate mutation of the case versus control populations is two, and the frequency of the mutation is the same as the threshold frequency, to attain the significant difference of the frequency of the mutation between the case population and the control population (P < 0.01, Fisher's-exact test), total sample sizes of at least 2400, 4800, and 7400 are required for AFR, ASI, and EUR respectively (Figure A5 in Appendix). This suggests that a huge sample size is needed in order to detect a single pathogenic mutation.
As noted throughout the manuscript, the main reason for pathogenic mutations being so rarely found in the human population is exponential population growth. Recent studies inferring the population history of humans have estimated various rates of population growth (Gutenkunst et al., 2009; Coventry et al., 2010; Gravel et al., 2011; Li and Durbin, 2011) . The growth rate we used for EUR (Gutenkunst et al., 2009 ) was lower than the rate inferred by Coventry et al. (2010) . We tested the higher growth rate and found that the chance of survival of a deleterious mutation was smaller. When we used the higher growth rate, the threshold frequency became lower (Figure A6 in Appendix). This suggests that our estimation of the threshold frequency is conservative and that the threshold to determine pathogenic mutations is likely to be much lower than our estimation for EUR.
In addition, our findings suggest that rare variants in the mt genomes could play a major role in causing mt diseases. Although www.frontiersin.org most new mutations could be eliminated by genetic drift in an equilibrium population, such a population could also attain many new mutations due to increase in population size (Coventry et al., 2010) . If population expansion was recent, these could include deleterious mutations, as insufficient time for elimination of such mutations by purifying selection would have passed (Lohmueller et al., 2008) . We determined more than 83 and 91% of the variants that existed in the ASI and EUR population were rare enough to be candidates for deleterious variants. The proportions were larger than the proportion (82%) of candidates within the AFR, which has not experienced recent exponential population growth (Figure 6) . The non-AFR population histories have resulted in a greater genetic load of rare variants within the populations. It has been suggested that the accumulation of rare variants in a genome could play a role in causes of complex diseases (Keinan and Clark, 2012) . The accumulation of rare variants in the mt genomes also could be a contributing cause of common diseases.
Our study clearly showed the impact of population history on the detection of disease mutations in mt genomes and the difficulty of that detection. Our approach could produce some expectation regarding the detection of disease-related mutations in nuclear genomes. The previous study analyzed the nuclear variants in the data from the 1000 Genomes project (1000 Genomes Project Consortium et al., 2010 and showed a distribution of variants similar to that of our dataset: a large proportion of rare variants and a low proportion of shared variants across populations due to population growth (Gravel et al., 2011) . The disease-related mutations in nuclear genomes have been believed to be rarely found in the human population (Manolio et al., 2009; Cirulli and Goldstein, 2010) . The rarity of the mutations responsible for diseases can give rise to difficulties in detecting the mutation in nuclear genomes too. To apply our approach to nuclear genomes, it is necessary to incorporate other representative factors, such as recombination. Recombination does not occur randomly across genomes, causing various selection constraints. The low nucleotide diversity of the nuclear genome compared to that of the mt genome means that an extraordinarily large sample size is required to detect rare variants.
With these factors in mind, future studies can apply our approach to nuclear variants for the discovery of pathogenic mutations. APPENDIX FIGURE A1 | Illustrations of three human demographic models. The parameters of the three models were illustrated in the figure. Time flows from past (top) to present (bottom) and shown at the left side of bars. The width of bars represents the size of effective population. The parameters were originally estimated from the nuclear genomes and were modified for mt genomes, under an assumption of that the sex ratio is 1:1. Therefore, the population size is one fourth of that for the nuclear genome. The ms command line for the three models is following. The 506 pathogenic and the 52 confirmed pathogenic mutations were categorized into three groups by frequency of a mutation in the 7,098 genomes: zero frequency (light green), lower than the threshold frequency (yellow), and larger than the threshold frequency (purple). The proportion of the 52 confirmed mutations with a frequency larger than the threshold was smaller than that of the 506 pathogenic mutations. FIGURE A5 | Sample sizes for statistical power. Supposing two populations of case and control, chi-square tests were carried out to test differences of the frequency of a mutation between two populations. Two populations have the same size. We fixed the frequency of 1.98, 0.92, and 0.55% (the threshold frequencies of AFR, EUR, and ASI) for the control population and supposed a ratio of frequency of case to control as 2, 3, and 4, indicated at X -axis. In each case, we gave a range of population sizes for the chi-square test, and the Y -axis represented total population size of case and control to show a significant difference (P < 0.01) of the frequency between two populations. FIGURE A6 | Distribution of frequency of a mutation in various population growth rate. For EUR, the parameter of population growth rate was 0.4% per generation in Gutenkunst's model. We tested the larger growth rate, 0.5%, also. In both case of neutral evolution and negative selection, a frequency of a mutation decreased in the larger growth rate. The threshold frequency (P < 0.01) under negative selection (s = 0.05) was 0.19%, which was much lower than the threshold frequency in the simulation with 0.4% population growth rate (0.35%).
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